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Abstract—This work shows that a differentiable activation
function is not necessary any more for error backpropagation.
The derivative of the activation function can be replaced by
an iterative temporal differencing using fixed random feedback
alignment. Using fixed random synaptic feedback alignment with
an iterative temporal differencing is transforming the tradi-
tional error backpropagation into a more biologically plausible
approach for learning deep neural network architectures. This
can be a big step toward the integration of STDP-based error
backpropagation in deep learning.
INTRODUCTION
Vanilla backpropagation was proposed in 1987 [1]–[3].
Almost at the same time, biologically-inspired convolutional
networks was introduced as well [4].
Deep learning was introduced as an approach to learn deep
neural network architecture using vanilla backpropagation [4]–
[6]. Extremely deep networks learning reached 152 layers of
representation with residual and highway networks [7], [8].
Deep reinforcement learning was successfully implemented
and applied which was mimicking the dopamine effect in our
brain for self-supervised and unsupervised learning [9]–[11].
Hierarchical convolutional neural network have been bio-
logically inspired [12]–[15].
Geoff Hinton in 1988 proposed the temporal derivative
in backprop (backpropagation) with recirculation [16] which
does not require the derivative of the activation function.
He gave a lecture about this approach again in NIPS 2007
[17], and recently gave a similar lecture in Stanford in 2014
and 2017 to reject the four arguments against the biological
foundation of backprop.
The discovery of fixed random synaptic feedback in error
backpropagation in deep learning started a new quest of
finding the biological version of backprop [18] since it solves
the symmetrical weights or synapses problem in backprop.
Recently, spike-time dependent plasticity was the important
issue with backprop. Apical dendrite as the segregated synaptic
feedback are claimed to be modeled into the backprop success-
fully [19].
ITERATIVE TEMPORAL DIFFERENCING
Iterative temporal differencing vs vanilla back prop and
fixed random synaptic feedback alignment are illustrated in
figure 1.
Problems Solutions
Hierarchical layers of representation Vanilla backprop [1]
Deep convolutional layers Convolutional neural nets [4],
[5], [12], [13], [15]
Extremely Deep networks Residual and highway networks
[7], [8]
Dopamine Deep reinforcement learning
[9]–[11]
Spike Dropout [20] and linear-
nonlinear-Poisson (LNP)
models using Poisson
distribution
spike time-dependent plasticity (STDP) (Our
core contribution)
Segregated apical dendrites [19]
Symmetry or symmetrical neurons Fixed random synaptic feed-
back alignment [18]
TABLE I
THE PROBLEMS WITH WITH ARTIFICIAL NEURAL NETWORKS COMPARED
TO THE BIOLOGICAL NEURAL NETWORKS (BRAIN) ACCORDING TO
NEUROSCIENTISTS.
EXPERIMENTAL RESULTS
The experimental results of learning the same network are
illustrated in this figure 2 with these hyper-parameters:
• number of iterations or epochs: 100000
• learning rate: 1e-3
• minibatch size: 50
• number of hidden units: 32
• number of input and output units: MNIST standard
dataset as (http://yann.lecun.com/exdb/mnist/)
• number of hidden layers
DISCUSSION & FUTURE VIEW
In this paper, we took one more step toward a more
biologically plausible backpropagation for deep learning. After
hierarchical convolutional neural network and fixed random
synaptic feedback alignment, we believe iterative temporal dif-
ferencing is a way toward integrating STDP learning process
in the brain. We believe the next steps should be to investigate
more into the STDP processes details in learning, dopamine-
based unsupervised learning, and generating Poisson-based
spikes. These steps are shown in this table II.
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Fig. 1. Vanilla backprop vs feedback alignment vs iterative temporal differencing.
Problems Solutions
Very Deep Hierarchical convo-
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important future direction
TABLE II
THE SOLVED AND UNSOLVED PROBLEMS WITH ARTIFICIAL NEURAL
NETWORKS ARE SHOWN IN ORDER TO GIVE A CLEAR FUTURE DIRECTION
FOR UNDERSTANDING THE MYSTERY BEHIND THE LEARNING PROCESS IN
OUR BIOLOGICAL NEURAL NETWORK.
ing: Explorations in the Microstructure of Cognition. Volume 1. MIT
Press, Cambridge, MA, 1986, vol. 1, no. 6088, pp. 318–362.
[2] ——, “Learning internal representations by error propagation,” CALI-
FORNIA UNIV SAN DIEGO LA JOLLA INST FOR, Tech. Rep., 1985.
[3] ——, “Learning representations by back-propagating errors,” Nature,
vol. 323, pp. 533–536, 1986.
[4] Y. LeCun, B. Boser, J. S. Denker, D. Henderson, R. E. Howard,
W. Hubbard, and L. D. Jackel, “Backpropagation applied to handwritten
zip code recognition,” Neural computation, vol. 1, no. 4, pp. 541–551,
1989.
[5] Y. LeCun, Y. Bengio, and G. Hinton, “Deep learning,” Nature, vol. 521,
no. 7553, pp. 436–444, 2015.
[6] A. Krizhevsky, I. Sutskever, and G. E. Hinton, “Imagenet classification
with deep convolutional neural networks,” in Advances in neural infor-
mation processing systems, 2012, pp. 1097–1105.
[7] K. He, X. Zhang, S. Ren, and J. Sun, “Deep residual learning for image
recognition,” in Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition, 2016, pp. 770–778.
[8] R. K. Srivastava, K. Greff, and J. Schmidhuber, “Highway networks,”
arXiv preprint arXiv:1505.00387, 2015.
[9] D. Silver, A. Huang, C. J. Maddison, A. Guez, L. Sifre, G. Van
Den Driessche, J. Schrittwieser, I. Antonoglou, V. Panneershelvam,
M. Lanctot et al., “Mastering the game of go with deep neural networks
and tree search,” Nature, vol. 529, no. 7587, pp. 484–489, 2016.
[10] V. Mnih, K. Kavukcuoglu, D. Silver, A. A. Rusu, J. Veness, M. G.
Bellemare, A. Graves, M. Riedmiller, A. K. Fidjeland, G. Ostrovski
et al., “Human-level control through deep reinforcement learning,”
Nature, vol. 518, no. 7540, pp. 529–533, 2015.
[11] V. Mnih, K. Kavukcuoglu, D. Silver, A. Graves, I. Antonoglou, D. Wier-
stra, and M. Riedmiller, “Playing atari with deep reinforcement learn-
ing,” arXiv preprint arXiv:1312.5602, 2013.
[12] D. H. Hubel and T. N. Wiesel, “Receptive fields of single neurones in
2
Fig. 2. The experimental results on MNIST dataset from top to bottom order:
FBA + ITD-y, FBA + ITD-dy, FBA and VBP. Some acronyms: iterative
temporal differencing (ITD
, feedback alignemtn (FBA), vanilla backprop (VBP)
the cat’s striate cortex,” The Journal of physiology, vol. 148, no. 3, pp.
574–591, 1959.
[13] K. Fukushima, “Neocognitron: A hierarchical neural network capable of
visual pattern recognition,” Neural networks, vol. 1, no. 2, pp. 119–130,
1988.
[14] ——, “Cognitron: A self-organizing multilayered neural network,” Bio-
logical cybernetics, vol. 20, no. 3-4, pp. 121–136, 1975.
[15] D. L. Yamins and J. J. DiCarlo, “Using goal-driven deep learning models
to understand sensory cortex,” Nature neuroscience, vol. 19, no. 3, pp.
356–365, 2016.
[16] G. E. Hinton and J. L. McClelland, “Learning representations by
recirculation,” in Neural information processing systems, 1988, pp. 358–
366.
[17] G. Hinton, “How to do backpropagation in a brain,” in Invited talk at
the NIPS2007 Deep Learning Workshop, vol. 656, 2007.
[18] T. P. Lillicrap, D. Cownden, D. B. Tweed, and C. J. Akerman, “Ran-
dom synaptic feedback weights support error backpropagation for deep
learning,” Nature Communications, vol. 7, 2016.
[19] J. Guergiuev, T. P. Lillicrap, and B. A. Richards, “Biologically
feasible deep learning with segregated dendrites,” arXiv preprint
arXiv:1610.00161, 2016.
[20] N. Srivastava, G. E. Hinton, A. Krizhevsky, I. Sutskever, and
R. Salakhutdinov, “Dropout: a simple way to prevent neural networks
from overfitting.” Journal of machine learning research, vol. 15, no. 1,
pp. 1929–1958, 2014.
3
